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Abstract 
In this paper, we examine the growth convergence hypothesis within a developing 
country. Across Indian states, income dispersion has widened in recent years. Some 
new methods that are used by many researchers for studies across countries or across 
U.S. regions are applied, and we find that almost all income sequences in the Indian 
states have unit roots. This result implies that, although India achieved relatively high 
growth in the 1990s, per capita income across states tended to diverge, and that income 
dynamics within a developing country may differ from those within a developed 
country. 
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1. Introduction 
 
India was once a symbol of low-growth economies. Lucas (1988) asks “[whether there is] some 
action a government of India could take that would lead the Indian economy to grow like Indonesia’s 
or Egypt’s.” In his textbook, Romer (1996, Chapter 1) notes that, “[i]f real income per person in 
India continues to grow at its postwar average rate of 1.4 percent, it will take close to 200 years for it 
to reach the current U.S. level.” However, India experienced continued high economic growth after 
the economic liberalization following the balance of payments crisis in 1991. The annual growth 
rates of real GDP and real GDP per capita for the past decade were around 6 percent and 4 percent 
respectively, exceeding those of the ASEAN countries in recent years.1 As long as this trend is seen, 
it seems plausible that India has escaped from the difficulty of low growth.2 
 India is a federal economy with a population exceeding 1 billion and consisting of 35 
states and Union Territories. Balanced regional growth is one of major objectives of each Five Year 
Plan, as India is diversified not only in geographic and cultural terms but also in terms of 
development level. It is well known that a simple neo-classical economic growth model suggests a 
convergence of the production or income level between economies in the long run. Turning our eyes 
to Indian economy, however, we find that this proposition might not necessarily be realized. For 
example, in spite of the continuing high economic growth over dozens of years in Punjab, 
Maharashtra, and Haryana, the growth rates in Bihar, Orissa, and Uttar Pradesh, which experienced 
lower growth in the past, are still low. In terms of per capita income, income in Punjab, the highest 
income state in 1970, was twice that in Bihar, which was the lowest, and the income difference 
between these states expanded by a further 5 times in 2000. However, it cannot be clearly concluded 
                                                  
1 See IMF (2004). 
2 In the second edition, Romer (2002) changes “India” to “Bangladesh.” Moreover, Barro and 
Sala-i-Martin (1995) also quote Lucas (1988), but they note in their second edition (2004) that 
considering the higher rate of growth of the Indian economy than Indonesia and Egypt, it is “ironic.” 
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from this fact that these income differences have diverged. When the speed of convergence of a poor 
region is smaller than that of a rich region, the difference of income in the two regions may spread in 
a transition period. Therefore, it is necessary to perform statistical inference in order to check 
whether this proposition holds in India. 
 Of course, a large number of previous studies examine the income differentials across 
Indian states. In their seminal paper, Cashin and Sahay (1996) show that income differences shrank 
over the period 1961-1991. On the other hand, from recent research by Ghosh et al. (1998), Rao et al. 
(1999), Dasgupta et al. (2000), and Sachs et al. (2002) which consider the subsequent data of the 
1990s, the conclusion of Cashin and Sahay (1996) is not supported. They point out that income 
differentials across states have rather expanded since economic liberalization. However, all of these 
researches use the method of regressing the growth rate of income on initial income (hereafter, Barro 
regression), which is used to investigate the convergence hypothesis between regions in the United 
States, Europe, and Japan by Barro (1991) and Barro and Sala-i-Martin (1991, 1992, 1995). 
 While many researchers have performed analyses using Barro regression, it has been 
pointed out that it has some critical problems. Quah (1993a, b) states that in Barro regression, a 
researcher tests only whether the initial income is negatively correlated with a subsequent growth 
rate, but does not consider the transition of income dynamics in the meantime, and he proposes 
estimating a Markov transition matrix. Moreover, Bernard and Durlauf (1996) and Evans and Karras 
(1996) propose methodologies for convergence using unit root tests, and suggest the possibility that, 
even with the same data, different results can be obtained according to whether they use their test 
(called time series test) or Barro regression (in their paper, cross-section test). Although previous 
studies often use 100-year cross-section data to estimate the Barro regression, no transition dynamics 
appears in the result because no consideration is given to the growth path within the period. Hence, a 
panel or time-series analysis that considers within the period would be more desirable. In this paper, 
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we investigate whether convergence has taken place in income between the states of India using 
these new methods. There are no studies yet which investigate the convergence hypothesis within a 
developing country using these methods, and it is important to look at any implications gained by 
comparing our results with the results from OECD countries.  
 The main results of this paper are as follows. First, the dispersion of the income level in 
1970-2000 are not unimodal but may be divided into some distributions. When samples were 
divided in 1991, when economic liberalization was carried out, in particular, the distribution has 
roughly triple peaks. That is, the income level seems to be more dispersed in the more recent period. 
Second, from the estimation of the Markov matrix that represents transition probabilities of income, 
the theoretical long-term dispersion of per capita income is also found to vary. The mobility of India 
is higher than that of industrial countries: the possibility of rising to a high income level from a low 
level is comparatively high, and the possibility of moving to a low level from a high level is 
similarly high. Third, the sequence of income level in each state follows unit root processes in 
almost all cases. This implies that the variance of income differences may tend toward infinity in the 
long run. Therefore, in a developing country, there is a possibility that per capita income may 
diverge across regions. This conclusion differs from the findings of previous papers that the income 
level between industrial countries converges, and has serious implications for policy authorities of 
developing countries. 
 The rest of this paper is organized as follows. In Section 2, we briefly present the Barro 
regression and survey previous studies using the method. In Section 3, we give detailed explanations 
of two alternative approaches for convergence. In Section 4, we exploit these methods to investigate 
the existence of convergence across Indian states. In Section 5, we discuss some properties of the 
income sequences and compare those of India and other countries. Finally, Section 6 concludes.  
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2. Previous Studies on Convergence 
 
Testing the hypothesis of growth convergence across economies has attracted the attention of many 
macroeconomic researchers. Baumol (1986) finds a negative relationship between the growth rate 
and initial income using cross-country data. This implies that initially poor economies grow faster 
than initially rich economies. In other words, they tend to convergence to a common steady-state in 
the long run. However De Long (1988) expands the data of Baumol (1986) including some 
additional countries, and fails to support the convergence hypothesis. Mankiw, Romer and Weil 
(1992) and Barro and Sala-i-Martin (1991, 1992, 1995) develop the above argument of “absolute or 
unconditional convergence” to “conditional convergence” which controls for variations in the steady 
state. Moreover, Islam (1995) confirms the evidence of the conditional convergence hypothesis using 
a dynamic panel-data model.  
Many studies apply these methods to India.3 Cashin and Sahay’s (1996) paper is one of 
the first econometric analyses on the convergence hypothesis in the context of India. They examine 
the growth experience of 20 states over 1961-1991. According to their findings, the growth rate in 
per capita income tends to relate negatively to the initial levels of per capita income, and they claim 
that this is evidence of absolute convergence across Indian states. However, a critical problem in 
their finding is that the estimated coefficients on the initial income level are not statistically different 
from zero. 
Ghosh et al. (1998), Rao et al. (1999), Dasgupta et al. (2000) and Sachs et al. (2002), by 
contrast suggest that the real per capita income of Indian states has tended toward divergence rather 
than convergence. In the analysis of Rao et al. (1999), equations with and without conditional 
                                                  
3 There are other earlier studies such as Marjit and Mitra (1996), Das and Barua (1996), Ahluwalia 
(2000), Ric and Bhide (2000), and Kurian (2000). However they only analyze the income trends or 
movements in the rankings of states income according to various criteria, and do not statistically test 
the convergence hypothesis predicted by neoclassical growth theory. 
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variables were estimated for various sub-periods over 1965-1994. It is noteworthy that the 
divergence has worsened since the economic liberalization in 1991. In the work of Dasgupta et al. 
(2000), though the finding of divergence is similar to those of other contributions, the methodology 
differs in other respects. They provide some insights into the structural characteristics of Indian 
states, where structure is defined as the shares of different sub-sectors in income. They find a 
seeming tendency for overall convergence towards the national average in terms of shares of 
different sectors in income. Sachs et al. (2002) analyze 14 states during the period 1980-1998 in 
absolute and conditional terms. They claim that the forces of convergence are very weak and that 
India’s growth will continue to be urban-led, favoring these states where the level of urbanization is 
already high. 
The above studies examine cross-section data under the assumption that different states 
share a common constant term in the equation, i.e., there are no individual effects. On the other hand, 
Aiyar (2001) and Nagaraj et al. (2000) consider the state-specific fixed effects using panel-data, as 
Islam (1995) did. Aiyar (2001) analyzes 19 states over the period 1971-1996, and points out that the 
fixed effects are able to control for unobserved differences among the states other than explanatory 
variables such as shares of sub-sectors. Nagaraj et al. (1997) examine the growth performance of 16 
states during the 1960-1994 period and assess the contribution of physical, economic, and social 
infrastructures to the growth rate of per capita income. Both these studies support conditional 
convergence. Therefore, the result of conditional convergence appears to be reliable. 
As the methods they used have crucial drawbacks, as described below, however, we 
re-evaluates these former studies expanding the data until 2000 and using alternative methods. 
 
3. Two Alternative Approaches to Convergence 
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Many researchers point out that Barro regression has a couple of problems. For instance, Friedman 
(1992) and Quah (1993a) insist that, if initial income is independent of the sequence of subsequent 
income, such as in Galton’s fallacy, it is a mistake to interpret an income level as having returned to 
an average. Galton’s fallacy is as follows: when parents are tall, the child tends to be shorter than the 
parents, and so Galton concluded that height generally returns to an average. This interpretation can 
be transposed to the argument on convergence of economic growth as it is: the future growth rate of 
a region whose income is higher at the initial period becomes lower, and income level tends to return 
to an average. If the income level of each region is determined independently at each period, such an 
interpretation is false and economic growth can become higher or lower.  
Two methods are then examined as alternatives to the Barro regression. One is to estimate 
the Markov transition matrix, as suggested by Quah (1993a, b). The income level of each region may 
ascend or descend at the next period. Although the purpose of the Barro regression is to investigate 
whether the growth rate following a fixed period relates negatively to an initial income level, the 
information about the transition is not used at all. Therefore, if an income level is a stationary 
stochastic process, even when it is not converging, then a negative relation should be found between 
its value and the departure from its mean. Quah proposes to estimate the Markov matrix, which 
represents the probability that the income level in a country or across countries rises, falls, or 
remains unchanged in the next period.  
The Markov transition matrix at time Tt ,,1 Κ= ,  ( n)(tP n× ), has a factor, 
 , )
                                                 
1at   statein  it was given that at   statein  isregion  aProb( −= tjtkp jk
for . Following previous studies, we suppose a stationary Markov process where 
 for all t . It is straightforward to derive the maximum likelihood estimator of .
nkj ,,1, Κ=
P=)
)(∞p ×
P(t P 4 A 
vector  ( n ), called the equilibrium or ergodic probability vector, satisfies 1
 
4 See Amemiya (1985, Chapter 11).  
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 )()( ∞′=∞ pPp . 
The ergodic probability vector represents a long-run distribution generated by a Markov transition 
matrix. The Markov matrix is estimated using the cross-country data (Quah, 1993a, b, 1996b), data 
of the U.S. regions (Quah, 1996b), Japanese prefectures (Kawagoe, 1999), and European regions 
(Quah, 1996a). 
The other method uses the unit-root or cointegration tests. In many studies on growth 
convergence, the definition by Bernard and Durlauf (1996) is used. They define the time-series 
forecast convergence as 
 , (0)|logE(loglim ,, =− ++∞→ tktjktik Iyy ji ≠ , Nji ,,1, Κ= ) 
where  is an income level of region  at t  and  is an information set at . As stated by 
Evans and Karras (1996), this definition compares a pair of regions but not the overall group. To 
make full use of the information of panel data, Evans and Karras suggest another definition: 
ity i tI t
 , 0)|E(loglim , =− ++∞→ tktktik Iay
where  is an average of , ta itylog ∑≡
i
itt yNa log)/1( . The sample we use below is panel data 
and the size is relatively moderate, so we will apply the latter definition. 
 In order to test the condition statistically, Evans and Karras propose checking the sequence 
of per capita income to follow a stationary process. Now, we define income difference as 
 ,     (1) ∑−≡
i
ititit yNyx log)/1(log
and consider a model,  
 ,    (2) it
p
s
stiistiiiit xxx εςρµ +∆++=∆ ∑
=
−−
1
,1,
where  is an i.i.d. process with mean zero. In this model, we consider the following hypotheses: itε
 H0: 0=iµ , H1: ,     (EK1) 0≠iµ
 7
and 
 H0: 0=iρ , H1: .     (EK2) 0<iρ
(EK1) is a test to check whether the income difference is a process with mean zero. (EK2) is a test to 
check whether the process is stationary. Under this definition, unconditional convergence must 
satisfy both H0 in (EK1) and H1 in (EK2). That is, the sequence of per capita income must be a 
stationary process with mean zero. Conditional convergence must satisfy H1 in (EK1) and H1 in 
(EK2). Evans and Karras (1996) examine Eq. (2) using the Levin-Lin test. For Bernard and 
Durlauf’s (1996) definition, Greasley and Oxley (1997) use the Augmented Dickey-Fuller (ADF) 
test and Phillips-Perron test to investigate income convergence across OECD countries, whereas 
Bernard and Durlauf (1995) use the Johansen (1988) test. Kawagoe (1999) exploits the unit root test 
proposed by Kwiatkowski et al. (1992) to inspect the hypothesis of per capita income convergence 
across the Japanese prefectures.  
Although these tests based on the definition of Bernard and Durlauf (1996) or Evans and 
Karras (1996) require a sample with a long time horizon for any region, it may be difficult to find 
such long-term data for developing countries. One solution would be to use panel data. The tests 
suggested by Im et al. (2003) and Maddala and Wu (1999), as well-known unit root tests for panel 
data, examine  
 H0: = 021 === Nρρρ Λ ,   H1: )0()0()0( 21 <∪∪<∪< Nρρρ Λ  
for an -equation system. The null hypothesis denotes that all sequences have unit roots, while the 
alternative hypothesis denotes that some variables are stationary. As noted by Durlauf and Quah 
(1999, Section 5) regarding cross-section convergence, however, these tests are inappropriate if there 
are two or more convergence levels. In other words, one cannot use them when regions converge to 
different levels.  
N
Then, we will perform a unit root test using the SUR estimator, called the SURADF test, 
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proposed by Breuer et al. (2002).5 Combining the ADF test with SUR allows us not only to handle 
panel data but also to infer each equation separately. In their Monte Carlo exercises, Breuer et al. 
(2002) show that, even when investigating a sample with a short time horizon, the test reduces size 
distortions owing to panel data and SUR.6 Although yearly data is often used in economic growth 
literature, it is quite difficult to obtain sufficient data to estimate a univariate time-series model. 
Investigation of the convergence hypothesis using the SURADF test allows us to make more 
powerful inferences even when the sample size is moderate. Moreover, SUR also brings another 
advantage. The power of the test can increase because one can use the information for error-term 
correlation between each equation, i.e., each region.7 Following a similar motivation, Phillips and 
Sul (2003) propose a panel unit root test with parametric error correlation. Since their null 
hypothesis includes integrated constraints as noted above, their methodology could not distinguish 
between converging and non-converging sequences. Further, the fact that their model is assumed to 
have a parametric variance-covariance matrix can yield an identification problem. In the meanwhile, 
the SURADF test we use below does not have such problems.  
As discussed above, we use sequences of income differences between a region and country 
average to perform the time-series tests. For Tpt ,,1 Κ+= , we suppose the -equation system, N
  ∑
=
−− +∆++=∆
p
s
tststt xxx
1
1,111,1111 εςρµ
  Μ       (3) 
 . ∑
=
−− +∆++=∆
p
s
NtstNNstNNNNt xxx
1
,1, εςρµ
                                                  
5 Holmes (2002) also analyzes the convergence hypothesis across OECD countries using the 
SURADF test. Our research is probably the first attempt to perform the definition of Evans and 
Karras (1996) using SURADF.  
6 Kakwani (1967) proves that the SUR estimator is an unbiased estimator even when T  and/or  
is finite. This feature might contribute raising the power of the tests. Actually, the power of 
SURADF in our sample is superior to that of ADF when using the covariance matrix of residuals 
from the estimation of Eq.(4). 
N
7 In the estimation of Eq.(4), the correlation coefficients range over –0.649 to 0.471. 
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We assume that E( , , and  ( i0) =itε 0)E( 1, =−tiitεε ijjtit σεε =)E( j≠ ). The latter condition 
ensures that the variance of error term of the system does not need to be spherical. This system is 
estimated simultaneously by the SUR estimator.  
To the best of our knowledge, few studies employ these methods, i.e., the estimation of 
Markov matrix and the SURADF test. Both have been applied to OEDC countries and regions 
within a few industrial countries but not developing countries, and of course not India. Therefore, it 
would be worthwhile to apply these alternative methods to the Indian states in terms of the 
assessment of many previous studies on growth convergence.  
 
4. Empirics 
 
4.1 Data 
 
To analyze the income level of each state, we utilize the real per capita State Domestic Product 
(SDP) of 14 major states in 1970-2000.8 These 14 states account for 87.4 per cent of the population 
and 91.2 per cent of overall SDP, therefore, they are sufficient to represent the Indian economy. We 
adjust per capita income in terms of the 1980 levels, and denote it by . Figure 1 plots the series 
of the logs of per capita income less the state average, Eq. (1). It shows that the per capita income 
difference appears to increase gradually. In particular, the levels of lower income states tend to 
decline against the average as time moves to the recent period. Consequently, at a glance, the income 
differences across the states seem not to converge.  
}{ ity
                                                  
8  The sample states are Maharashtra, Punjab, Haryana, Gujarat, Tamil Nadu, West Bengal, 
Karnataka, Kerala, Rajasthan, Andhra Pradesh, Madhya Pradesh, Uttar Pradesh, Orissa, and Bihar. 
There is a serious problem in selecting the sample states. Because economic activities in 
northeastern states, economically small states and union territories are strongly affected by the 
central government, we exclude these states as previous studies did. See Kurian (1999) for details. 
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To investigate the distribution of these sequences, we estimate the nonparametric density 
for all states and sample periods. The results are shown in Figure 2. The per capita income 
distributes almost around the average, but is asymmetric. There is a bump in the upper tail. The 
lower tail is a bit longer than the upper tail.  
However, a structural change may have taken place during the period. For instance, the 
Indian government began a partial economic liberalization from the mid-1980s, and then launched 
more comprehensive liberalization from 1991 in the aftermath of the balance of payment crisis. 
Therefore, dividing the sample might change the results dramatically. 
We first divide it into two sub-samples 1970-1984 and 1985-2000 in consideration of the 
beginning of economic liberalization in the mid-1980s. Figure 3a shows the density estimation in 
1970-1984. It is nearly similar to that in Figure 2, and the peak is located around zero. On the other 
hand, Figure 3b represents the density estimation in 1985-2000; it has two bumps on both tails and a 
peak that leans into the lower tail. It looks like “twin peaks,” as Quah suggests regarding the income 
dispersion of the U.S. and OECD countries. 
We then divide it into the periods 1970-1990 and 1991-2000. Figure 3c gives the density 
estimation of the sub-sample for 1970-1990. The shape does not seem different from that of Figure 2 
or Figure 3a. In Figure 3d, however, the density for the 1991-2000 sample seems to have “triple 
peaks.” That is, it reveals three groups: high-, middle-, and low-income groups. As noted in Figure 1, 
the low-income group tends to be independently distributed in the recent period. Furthermore, the 
high-income group appears to be independently distributed against the other groups. These results 
are inconsistent with the convergence hypothesis.  
 
4.2 Markov Transition Matrix 
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In place of the Barro regression, we first use an alternative method, the Markov transition matrix 
proposed by Quah (1993). The sample is the same as that in Figure 1, i.e., Eq. (1). Following 
previous studies, the number of states is chosen to be five, and the upper endpoint for each state is 
set so as to make the sample a uniform distribution. Table 1a shows the estimation of the Markov 
matrix for 1970-2000. The  element in the matrix denotes the probability that an economy 
will move from state  to . In this sample, the per capita income of each Indian state seems to be 
persistent, since the diagonal elements of the matrix are large. Further, the ergodic distribution, 
which denotes a long-run distribution, is scattered. Although there is a moderate likelihood of 
moving to an upper level, it appears to be a uniform distribution and there is no change in the income 
dispersion.  
),( ji
ji
As noted in the last section, however, this feature may vary according to how the 
sub-samples are estimated. We first estimate Markov matrices for the periods 1970-1984 and 
1985-2000. Table 1b presents the estimated matrix for the 1970-1984 sample. With the exception of 
the relatively small value of the (1,1) element, the matrix is not different from that of the 1970-2000 
sample. Since its ergodic distribution is roughly similar, moreover, it is not reasonable to think that 
the per capita income tends to converge in this period. In the meanwhile, Table 1c shows an estimate 
of the matrix in the period 1985-2000. The (1,1) element is estimated to be higher than that in the 
last period, but the ergodic distribution is not different. 
Next, we set the break point to be 1991, and estimate the Markov matrices. Table 1d 
reports the results for the period 1970-1990. Each element and the ergodic distribution are identical 
to those of Table 1b, so the income level does not seem to converge in this period. The matrix 
estimated in the period 1991-2000 is shown in Table 1e. The diagonal elements of this matrix are 
nearly all larger than those in other periods. Furthermore, the ergodic distribution leans (i.e., 
converges) toward the lowest level. 
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The results of the estimates of the sub-sample with the break points 1985 and 1991 suggest 
the following implications. Comparing the periods before liberalization (Table 1b and 1d) and after 
liberalization (Table 1c and 1e), any diagonal element of the former is smaller than that of the latter, 
except for the (5,5) element. Since, in Table 1b and 1d, the (1,1) elements are relatively small and the 
(1,2) elements are relatively large, in particular, lower income states tend to move toward higher 
income states before the economic liberalization.  
Per capita income in our sample generally leans somewhat toward the lower tail, but the 
result of Table 1e, which reveals a strange ergodic distribution, may be due to the scarcity of data 
since the Markov matrices are estimated using the maximum likelihood estimator. Thus, they may be 
not robust to changing the upper endpoint or including additional samples. As proved by Barro and 
Sala-i-Martin (2004, pp. 50-51), furthermore, the dispersion of per capita income does not 
necessarily present a rejection of (unconditional) convergence. Thus, we will perform the second 
alternative method in order to check the robustness of the hypothesis that per capita income 
dispersion in Indian states does not converge.  
 
4.3 SURADF Tests 
 
Here, we utilize the SURADF test proposed by Breuer et al. (2002) to investigate whether or not per 
capita income is stationary and non-constant. According to Evans and Karras (1996), the income 
level of a state less the average income converges in a time-series sense if some conditions we noted 
above are satisfied. Breuer et al. (2002) show from Monte Carlo simulations that the SURADF test is 
superior to equation-by-equation ADF tests in terms of power. Phillips and Sul (2003) also perform 
the panel unit-root test assuming certain parametric relations, whereas SURADF has no need to 
include assumptions for such relations. Therefore, it is one of the most reliable methodologies for 
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testing the convergence hypothesis statistically.  
We specify the model to be Eq. (3). Table 2 shows the results of the estimation with a 
constant and a lagged difference. We arbitrarily choose 1=p , but the lag length does not affect the 
results. The condition for unconditional convergence is to satisfy both 0=µ  and 0<ρ , but the 
results for all equations do not satisfy this condition. Only the equation for Punjab holds conditional 
convergence as required to satisfy 0≠µ  and 0<ρ . However, the estimation for Bihar has a 
significantly positive value for ρ , so the specification of this system may be doubtful. 
As noted by Greasley and Oxley (1997), if two sequences of income levels converge, the 
sequence of their difference should have no trend. Therefore, we need to investigate whether or not 
these equations have any trends and whether or not the results shown above change. We introduce a 
time trend into Eq. (3), 
 , ∑
=
−− +∆+++=∆
p
s
tststt xxtx
1
1,111,11111 εςρδµ
  Μ       (4) 
 . ∑
=
−− +∆+++=∆
p
s
NtstNNstNNNNNt xxtx
1
,1, εςρδµ
The result of the estimation for Eq. (4) is shown in Table 3. The condition for unconditional 
convergence in this system is to satisfy 0=µ , 0=δ , and 0<ρ , whereas that for conditional 
convergence is to satisfy 0<ρ , and 0≠µ  or 0≠δ . In this case, no equations satisfy the 
conditions for either unconditional or conditional convergence.9  
For U.S. regions, Carlino and Mills (1993) and Loewy and Papell (1996) consider a model 
with a structural break, and conclude that the hypothesis of conditional convergence is supported. To 
confirm the existence of a structural break in our data, we estimate Eq. (4) with an exogenous trend 
break. The model is 
                                                  
9 We also examine some popular univariate unit-root tests (DF-GLS, , , , and 
), but the results are the same as with SURADF. So, our result is robust. 
aMZ tMZ MSB
TMP
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where  is the indicator function and  is a fixed break point. In this case, each sequence 
converges unconditionally if all of the coefficient estimates of the deterministic trend are 
significantly different from zero and if 
)(1 ⋅ bT
0<ρ , and converges conditionally if at least one of them is 
significant and if 0<ρ . The estimation with a break at 1985 is presented in Table 4. According to 
this estimation, five of 14 sequences for per capita income are stationary, and three sequences do 
converge unconditionally (Madhya Pradesh, Orissa, and Karnataka) at the 10 percent significance 
level. However, at the 5 percent significance level, the number of stationary sequences falls to three, 
and that of unconditionally convergence to one. Next, we set the structural break at 1991, and 
present the results in Table 5. In this case, only one sequence (Karnataka) converges unconditionally 
and two sequences (Haryana and Gujarat) converge conditionally at the 10 percent significance level. 
At the 5 percent level, all of the sequences except Haryana diverge. The coefficient estimate of the 
1991 break in Haryana is significantly negative, so per capita income seems to deteriorate after 
economic liberalization.  
Putting all this together, real per capita incomes across the Indian states generally tend to 
diverge. This tendency changes slightly if a structural break is considered, but more than half of the 
states still diverge.  
 
5. Discussion 
 
As concluded by most of the earlier papers on the Indian context, we reject the convergence 
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hypothesis, and find strong support for the hypothesis that income divergence among the Indian 
states has occurred since economic liberalization. Considering transition dynamics also gives us 
new insights. First, through the estimation of nonparametric density we find that the income 
dispersion of Indian states has triple peaks. In other words, Indian states are divided into high, 
middle and low income groups. Second, through a Markov transition matrix we find that lower 
income states tended to become higher income states before economic liberalization, whereas this 
possibility has decreased after economic liberalization.   
 The results estimated above are somewhat different from those of studies on other 
countries. On the estimations of Markov matrix, the ergodic distribution does not indicate 
convergence in either study, whereas the mobility of income level of Indian states is greater than that 
of other countries. To get a grasp of this fact, we find the mobility index introduced by Shorrocks 
(1978), 
1
)tr()( −
−=
n
nM p
PP , 
where  is a Markov matrix ( n ) and  denotes a trace of . The index takes a value 
from 0 to 1, and is greater as the factor moves more. Geweke et al. (1986) propose many indices of 
mobility. Since these do not vary in our samples, we utilize only the Shorrocks index. Now, let 
 be the estimated Markov matrix in Table 1a. The mobility index of  is 
P n× )tr(P P
INDP INDP
  (0.025). 300.0)( IND =PpM
The standard error is in parentheses (for the estimation, see Schluter, 1998). We compare the indices 
before and after the economic liberalizations. Let  ( iiINDP edcb ,,,= ) be the estimated Markov 
matrices in Table 1b-e The mobility indices of the matrices in 1970-1984 and 1985-2000 are  
374.0)( bIND =PpM  (0.039),  (0.035), 245.0)( cIND =PpM
and those in 1970-1990 and 1991-2000 are 
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358.0)( dIND =PpM  (0.032),  (0.047). 204.0)( eIND =PpM
After the economic liberalizations in 1985 and 1991, the indices clearly decline.  
We next compare these estimates and those of other countries. Let  and  be the 
estimated Markov matrices of the U.S. (estimated by Quah, 1996b, Table 3) and Japan (Kawagoe, 
1999, Table II.A), respectively. The mobility indices of these matrices are 
USP JPNP
  (0.009),  M  (0.011). 160.0)( US =PpM 193.0)( JPN =Pp
These indices are significantly different from that of our full-sample matrix, . The p-values, 
under the null hypothesis that the matrices are identical, are 0.001 and 0.000, respectively. This 
suggests that income mobility of Indian states is greater than that of regions in other (industrial) 
countries. Yet, this is not necessarily a desirable result because the per capita income is prone not 
only to increase but also to decrease. This high mobility of per capita income is one of the interesting 
features of Indian states. Moreover, the mobility index of the post-1991 liberalization matrix, , 
is closer to the indices of the U.S. and Japan (the p-values are 0.215 and 0.420, respectively). This 
may imply that the mobility of real per capita income tends to be more persistent after economic 
liberalization, or that a freer economy tends to have more persistent income dynamics. 
INDP
e
INDP
The results from the SURADF tests also differ from previous papers that utilize panel 
unit-root tests. For instance, Holmes (2002) uses SURADF to investigate convergence across OECD 
countries, and concludes that some results support the hypothesis. Phillips and Sul (2003) use a 
unit-root test with certain parametric correlations for each equation to state that, for some groups, the 
convergence hypothesis may hold in the sample of Penn World Tables. On the contrary, our 
estimations on 14 Indian states suggest that few sequences of per capita income converge, and rather 
that almost all tend to diverge because they are non-stationary.  
A question naturally arises from the facts noted above: Why does the real per capita 
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income of these states tend to diverge after economic liberalization? Many researchers offer answers, 
but they are still controversial. Physical or institutional infrastructure is a candidate. Aiyar (2001) 
examines the sequence of literacy rates in each state, and points out that the rates account for the 
difference of per capita income growth. More generally, Nagaraj et al. (1998) suggest that many 
forms of physical, economic, and social infrastructure affect the convergence across states. However, 
they do not state explicitly whether these factors have changed since the economic liberalization, and 
are critical toward the hypothesis of income dispersion. Actually, Sachs et al. (2002) investigate the 
impact of various factors on economic growth using data from the recent period, and reject the 
possibility.  
The development of the financial system also causes little change in income disparity 
between the pre- and post-reform periods. Battacharya and Sivasubramanian (2003) regard M3 as a 
proxy for financial development, and investigate the long-run relationship between it and real GDP. 
According to their results, these variables have a cointegration relation but show no structural break 
at 1991. Even if the model is estimated taking account of the break, the result does not vary. Their 
estimation uses aggregate rather than per capita output, but the result is interesting. 
In addition, Cashin and Sahay (1996) carefully investigate the expansion of income 
dispersion, and support unconditional convergence. Their finding on the 1961-1991 data is that more 
grants from the central government flowed to poorer states, and that net migration had little impact 
on income convergence. They use pre-liberalization data, so their results may be influenced by the 
changes of the transfer of grants or migration.  
Therefore, there is a discrepancy between these studies on the factors that generate income 
dispersion across the Indian states. Determining the reasons more accurately is a task for the future. 
 
6. Concluding Remarks 
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 In this paper, we used two alternative methods, i.e., Markov matrix estimations and SURADF tests, 
to investigate the convergence hypothesis of per capita income across 14 Indian states in 1970-2000. 
The estimated Markov matrices suggest that, in the full sample period, the long-run distribution of 
per capita income scatters and does not vary, although it tends to rise slightly to a higher level. On 
the other hand, the estimation split into two sub-samples at break points at 1985 and 1991, when the 
government induced economic liberalization, implying that lower income states were able to rise in 
status before the economic liberalization, whereas they could not do so afterward. That is, in the 
recent period, low-income states continue to be poor and high-income states to be rich.  
Furthermore, the results from the SURADF tests show that the sequences of per capita 
income are random walk processes, and so tend to diverge. This differs from the results of previous 
cross-country studies and U.S. regional studies, which confirm convergence between some 
sub-samples (countries or states). Our panel unit-root test rejects the convergence hypothesis, and 
the sequences have unit root. Hence, the sequences of per capita income across Indian states tend to 
diverge rather than converge.  
Many recent studies using cross-country data investigate the convergence of per capita 
income under the time-series definition of Bernard and Durlauf (1996) or Evans and Karras (1996), 
and almost all partly support the hypothesis. Turning our eyes to the Indian economy, however, the 
departure from convergence clearly appears. To perform the hypothesis testing more rigorously, it 
may be necessary to utilize another methodology, e.g., a unit-root test with transitional dynamics,10 
or to investigate domestic convergence in other developing countries.  
 
                                                  
10 See Lucke and Lutkepohl (2004). However, they show that standard unit-root tests are prone to 
reject the null hypothesis, so our conclusion would remain even when such a test is applied. 
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 Data Appendix 
 
State Domestic Product (SDP) represents income originating from within the geographical boundary 
of a state and the value added of goods and services within the state. Due to a lack of data on flow of 
factor income, they do not fully reflect income accruing to the residents of a state.  
The estimation of SDP is conducted by respective state governments according to the 
concepts and methodology recommended by the Central Statistical Organization (CSO). Owing to 
differences in the source material used, data availability and extent of statistical development 
achieved, the estimates of various states are not strictly comparable. However, this data provides the 
only estimates available for a long time period and the effect of the accounting variations on 
comparisons is minor.  
The sources of data are: (1) Estimates of State Domestic Product, CSO, Government of 
India, (2) EPW National Accounts Statistics in India 1950/51 to 1996/97, EPW Research Foundation, 
and (3) Economic Survey (2002-2003), Government of India. 
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Figure 1: Log per capita real income (3D plot)
Note: This graph plots log per capita real incomes of 14 Indian states during the
period 1970-2000. The x-axis denotes time-horizon, y-axis states' number, and
z-axis log per capita real income.
Figure 2: Nonparametric density estimate: 1970-2000
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Note: This ¯gure shows the nonparametric density using the Rosenblatt-Parzen kernel
density estimator with a Gaussian kernel. The bandwidth is chosen to be n¡1=5¾^ where
n is the number of observations and ¾^ is the estimated standard error (see Pagan and
Ullah, 1999). The sample period is 1970-2000.
Figure 3: Nonparametric density estimates: subsamples
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Note: The sample periods are (a) 1970-1984, (b) 1985-2000, (c) 1970-1990, and (d) 1991-
2000.
Table 1: Transition matrices
(a) 1970-2000
Upper endpoint
Number -0.242 -0.122 0.040 0.340 in¯nity
84 0.762 0.214 0.024
84 0.286 0.583 0.131
85 0.165 0.682 0.153
83 0.133 0.807 0.060
84 0.036 0.964
Ergodic 0.194 0.162 0.157 0.181 0.306
(b) 1970-1984
Upper endpoint
Number -0.242 -0.122 0.040 0.340 in¯nity
29 0.586 0.379 0.035
41 0.342 0.512 0.146
54 0.185 0.685 0.130
40 0.175 0.750 0.075
32 0.031 0.969
Ergodic 0.160 0.194 0.183 0.136 0.326
(c) 1985-2000
Upper endpoint
Number -0.242 -0.122 0.040 0.340 in¯nity
52 0.885 0.096 0.019
39 0.205 0.667 0.128
29 0.138 0.655 0.207
41 0.098 0.854 0.049
49 0.041 0.959
Ergodic 0.188 0.106 0.125 0.265 0.316
(d) 1970-1990
Upper endpoint
Number -0.242 -0.122 0.040 0.340 in¯nity
45 0.556 0.400 0.044
66 0.333 0.561 0.106
68 0.162 0.706 0.132
51 0.177 0.765 0.059
50 0.020 0.980
Ergodic 0.145 0.194 0.167 0.125 0.369
(e) 1991-2000
Upper endpoint
Number -0.242 -0.122 0.040 0.340 in¯nity
36 1.000
15 0.067 0.667 0.267
14 0.143 0.714 0.143
30 0.067 0.867 0.067
31 0.065 0.936
Ergodic 1.000 0.000 0.000 0.000 0.000
Note: These tables report the estimated Markov transition
matrices. The matrices are ¯rst order, time-stationary, and
for ¯ve states. The upper endpoints are chosen to be uni-
formly distributed in the data 1970-2000.
Figure 4: Log per capita real income (time-series plot)
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Table 2: SURADF tests for convergence (without trend)
states coef. t-ratio p-value conv. states coef. t-ratio p-value conv.
Maharashtra Kerala
¹ 0.101 3.448 0.285 div ¹ -0.009 -0.834 0.893 div
½ -0.183 -3.076 0.481 ½ -0.103 -1.372 0.876
Punjab Rajasthan
¹ 0.168 6.370 0.013 cond ¹ -0.101 -4.611 0.105 div
½ -0.292 -6.109 0.030 ½ -0.572 -5.075 0.100
Haryana Andhra Pradesh
¹ 0.081 2.505 0.494 div ¹ -0.072 -3.322 0.252 div
½ -0.181 -2.337 0.644 ½ -0.502 -3.634 0.256
Gujarat Madhya Pradesh
¹ 0.057 1.954 0.633 div ¹ -0.099 -4.165 0.154 div
½ -0.237 -2.127 0.733 ½ -0.382 -3.927 0.285
Tamil Nadu Uttar Pradesh
¹ 0.017 1.558 0.738 div ¹ -0.043 -2.036 0.674 div
½ -0.140 -1.383 0.850 ½ -0.123 -1.668 0.867
West Bengal Orissa
¹ 0.015 1.078 0.814 div ¹ -0.092 -2.533 0.509 div
½ -0.087 -0.845 0.890 ½ -0.284 -2.419 0.649
Karnataka Bihar
¹ 0.012 1.298 0.808 div ¹ 0.004 0.145 0.980 |
½ -0.283 -2.295 0.712 ½ 0.042 0.905 0.008
Note: This table reports the results from SURADF proposed by Breuer et al. (2002). The data
is a balanced panel with N = 14 and T = 31. Each equation includes a constant and one lagged
¯rst de®erence, but the coe±cient estimates for lagged di®erences are not reported. p-values are
obtained by the Monte Carlo simulations with 5,000 iterations. \Conv." denotes whether or not
the log of real per capita income converges at the 10 percent signi¯cance level, and abs, cond,
and div denote unconditional convergence, conditional convergence, and divergence, respectively.
Table 3: SURADF tests for convergence (with trend)
states coef. t-ratio p-value conv. states coef. t-ratio p-value conv.
Maharashtra Kerala
¹ 0.160 4.371 0.314 div ¹ -0.037 -2.012 0.787 div
± 0.005 3.487 0.242 ± 0.001 1.149 0.747
½ -0.500 -4.482 0.545 ½ -0.197 -2.525 0.936
Punjab Rajasthan
¹ 0.128 3.726 0.495 div ¹ -0.106 -3.247 0.588 div
± 0.000 0.037 0.993 ± 0.000 0.091 0.981
½ -0.219 -2.999 0.901 ½ -0.592 -4.957 0.496
Haryana Andhra Pradesh
¹ 0.204 5.742 0.129 div ¹ -0.073 -2.987 0.561 div
± 0.004 3.445 0.269 ± -0.001 -1.076 0.750
½ -0.647 -6.057 0.218 ½ -0.638 -4.150 0.507
Gujarat Madhya Pradesh
¹ 0.084 2.719 0.671 div ¹ -0.095 -4.102 0.394 div
± 0.006 3.511 0.242 ± -0.007 -4.846 0.086
½ -0.815 -6.309 0.164 ½ -0.937 -6.741 0.111
Tamil Nadu Uttar Pradesh
¹ -0.039 -1.862 0.790 div ¹ -0.055 -2.416 0.738 div
± 0.004 3.375 0.261 ± -0.003 -3.331 0.287
½ -0.505 -4.049 0.600 ½ -0.348 -3.668 0.837
West Bengal Orissa
¹ -0.014 -0.729 0.924 div ¹ -0.128 -3.444 0.507 div
± 0.002 2.419 0.423 ± -0.007 -4.048 0.164
½ -0.121 -1.282 0.974 ½ -0.791 -5.444 0.288
Karnataka Bihar
¹ -0.060 -3.110 0.637 div ¹ -0.033 -1.113 0.884 div
± 0.005 4.285 0.151 ± -0.004 -3.082 0.294
½ -0.922 -7.103 0.110 ½ -0.134 -2.060 0.934
Table 4: SURADF tests for convergence (with a break at 1985)
states coef. t-ratio p-value conv. states coef. t-ratio p-value conv.
Maharashtra Kerala
¹ 0.218 4.288 0.540 div ¹ 0.040 1.595 0.871 div
¹b -0.005 -0.138 0.951 ¹b -0.071 -2.571 0.231
± 0.001 0.371 0.895 ± -0.013 -4.363 0.145
±b 0.008 2.107 0.525 ±b 0.026 6.145 0.043
½ -0.552 -3.954 0.929 ½ -0.971 -7.878 0.280
Punjab Rajasthan
¹ 0.402 9.632 0.040 div ¹ -0.100 -2.261 0.812 div
¹b 0.031 1.683 0.460 ¹b 0.006 0.123 0.953
± 0.015 5.625 0.073 ± -0.008 -1.669 0.605
±b -0.019 -5.891 0.065 ±b 0.013 2.129 0.528
½ -1.057 -9.414 0.190 ½ -0.982 -7.418 0.509
Haryana Andhra Pradesh
¹ 0.278 8.691 0.052 cond ¹ -0.139 -3.637 0.608 div
¹b 0.071 3.129 0.140 ¹b -0.060 -1.945 0.388
± 0.011 4.452 0.165 ± 0.003 0.906 0.766
±b -0.013 -4.562 0.177 ±b -0.003 -0.636 0.858
½ -1.068 -11.319 0.035 ½ -0.944 -6.289 0.460
Gujarat Madhya Pradesh
¹ 0.009 0.204 0.982 cond ¹ -0.081 -2.383 0.810 abs
¹b -0.108 -2.517 0.260 ¹b 0.010 0.302 0.888
± 0.022 4.983 0.086 ± -0.014 -3.885 0.212
±b -0.013 -2.395 0.493 ±b 0.007 1.555 0.645
½ -1.121 -13.317 0.010 ½ -1.242 -10.488 0.064
Tamil Nadu Uttar Pradesh
¹ 0.074 2.543 0.773 div ¹ -0.176 -5.071 0.511 div
¹b -0.022 -0.751 0.713 ¹b 0.035 1.531 0.521
± -0.007 -2.430 0.424 ± 0.001 0.224 0.938
±b 0.030 6.078 0.042 ±b -0.012 -3.792 0.259
½ -1.394 -8.682 0.119 ½ -0.710 -6.252 0.762
West Bengal Orissa
¹ 0.053 1.747 0.871 div ¹ -0.335 -6.736 0.167 abs
¹b -0.033 -1.323 0.594 ¹b 0.094 2.471 0.241
± -0.003 -0.956 0.773 ± -0.003 -0.826 0.814
±b 0.010 2.923 0.385 ±b -0.021 -4.194 0.207
½ -0.300 -3.501 0.932 ½ -1.452 -10.034 0.044
Karnataka Bihar
¹ -0.028 -1.122 0.902 abs ¹ -0.454 -5.893 0.250 div
¹b -0.048 -1.858 0.388 ¹b 0.117 3.009 0.148
± 0.001 0.399 0.894 ± -0.001 -0.426 0.877
±b 0.013 3.822 0.241 ±b -0.036 -5.721 0.054
½ -1.350 -10.726 0.051 ½ -0.879 -5.882 0.545
Table 5: SURADF tests for convergence (with a break at 1991)
states coef. t-ratio p-value conv. states coef. t-ratio p-value conv.
Maharashtra Kerala
¹ 0.182 3.762 0.616 div ¹ 0.008 0.319 0.977 div
¹b 0.015 0.430 0.836 ¹b 0.009 0.285 0.884
± 0.003 0.802 0.764 ± -0.007 -2.472 0.415
±b 0.006 1.267 0.669 ±b 0.023 3.805 0.190
½ -0.494 -3.663 0.922 ½ -0.735 -4.844 0.774
Punjab Rajasthan
¹ 0.239 4.244 0.569 div ¹ -0.122 -2.737 0.754 div
¹b 0.000 -0.004 0.999 ¹b 0.007 0.133 0.955
± 0.004 1.221 0.691 ± -0.001 -0.182 0.958
±b -0.007 -1.337 0.625 ±b 0.002 0.296 0.919
½ -0.522 -3.414 0.949 ½ -0.731 -5.190 0.772
Haryana Andhra Pradesh
¹ 0.363 10.759 0.006 cond ¹ -0.123 -3.401 0.638 div
¹b 0.025 1.053 0.572 ¹b -0.060 -1.675 0.433
± 0.014 5.798 0.032 ± 0.002 0.578 0.847
±b -0.022 -5.926 0.034 ±b -0.001 -0.208 0.952
½ -1.394 -12.061 0.013 ½ -0.897 -5.923 0.496
Gujarat Madhya Pradesh
¹ 0.013 0.310 0.977 cond ¹ -0.095 -2.902 0.718 div
¹b -0.149 -3.108 0.108 ¹b 0.026 0.654 0.727
± 0.021 5.058 0.069 ± -0.013 -3.692 0.195
±b -0.016 -2.416 0.399 ±b 0.006 1.180 0.703
½ -1.078 -10.534 0.066 ½ -1.267 -9.395 0.120
Tamil Nadu Uttar Pradesh
¹ 0.041 1.398 0.873 div ¹ -0.247 -5.394 0.372 div
¹b 0.063 1.760 0.364 ¹b -0.003 -0.125 0.958
± -0.004 -1.252 0.652 ± 0.000 -0.052 0.990
±b 0.031 4.710 0.096 ±b -0.021 -4.562 0.132
½ -1.242 -7.110 0.316 ½ -1.024 -6.043 0.623
West Bengal Orissa
¹ 0.178 5.135 0.345 div ¹ -0.225 -4.222 0.500 div
¹b 0.033 1.373 0.484 ¹b 0.041 0.875 0.670
± -0.009 -3.741 0.161 ± -0.007 -1.693 0.538
±b 0.031 6.246 0.019 ±b -0.015 -2.124 0.459
½ -0.814 -6.590 0.347 ½ -1.143 -6.868 0.385
Karnataka Bihar
¹ -0.041 -1.670 0.857 abs ¹ -0.216 -1.758 0.833 div
¹b -0.010 -0.335 0.851 ¹b -0.018 -0.459 0.802
± 0.002 0.962 0.721 ± -0.003 -0.784 0.784
±b 0.015 3.558 0.191 ±b -0.021 -1.673 0.550
½ -1.390 -9.746 0.082 ½ -0.452 -1.809 0.983
